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substrate, are livebearers, or keep their eggs in the mouth or pouch until they hatch. Their 1 4 0 larvae usually emerge at larger sizes and are more mature than the larvae of non-pelagic 1 4 1 spawners (Wootton 1992 , Leis et al. 2013 , resulting in an early control of active swimming, 1 4 2 therefore limiting dispersal (Munday & Jones 1998 , Leis 2006 , Leis et al. 2013 . We Low adult mobility denotes site-attached species with a restricted home range (< 10m 2 ). Medium adult mobility denotes species that are weakly mobile, relatively sedentary, with 1 4 6 close association to the substrate and that can be distributed over the entire reef area (< 1 4 7 ~1000m 2 ). High adult mobility denotes species that are highly mobile with wide horizontal 1 4 8 displacement and that occur in the water column (Floeter et al. 2004) . Mobility for each 1 4 9 species was assigned depending on the taxonomical level at which information was reported: 1 5 0 species, genus or family adult mobility. In some cases, mobility information was not 1 5 1 available, but could be assigned according to the biology of the species, e.g. pearlfishes 1 5 2 (Family Carapidae) that are known to live inside the anal pore of sea cucumbers were all 1 6 8 likely too small to substantially restrict dispersal at similar latitudes (Fig. S1 ). All distance 1 6 9 measurements were calculated in kilometers using the function geodist from the R package We used a one-dimensional spatially explicit neutral model to simulate the spatial distribution (zero-sum dynamics) and the species identity of an individual has no bearing on its chances of 1 7 9 dispersal, mortality, reproduction, the initiation of speciation or the completion of speciation the inverse random sampling formula for the range size T:
where U is a random variate drawn from a uniform distribution between 0 and 1. To separate 1 9 0 the effects of the shape of the distribution and the mean dispersal distance (X mean ), we rescaled 1 9 1
the Pareto distribution such that X m = X mean , i.e. that X m reflects the mean dispersal distance, In contrast to the classical neutral model, we assumed that speciation is a gradual process 1 9 7 rather than an instantaneous event (Rosindell et al. 2010) . When a birth event takes place, an 1 9 8 incipient species can form with probability μ ; the newborn is still observed in the model as being conspecific to its parent, but if sufficient time passes and descendants of the newborn 2 0 0 individual survive, those descendants will be considered a new good species rather than an determining an appropriate 'burn-in time' for the simulations. We explored the effect of dispersal on the distribution of range sizes by running simulations 2 1 3 using various dispersal kernels, which differ in their X mean and α parameter values. We used a parameter fitting exercises that require many successive simulation' runs. As in the real world in a realistic manner produces virtually similar results as with random sampling (Fig. S3 ). We percentage on the distribution of species' range sizes. As species age is also suggested to be variation in speciation rates on the distribution of range sizes. When speciation rate is high,
species are in average younger, thus affecting the final range size distribution. In our default scenario, we used the following parameter values: X mean = 0.02, α = 3.0, 2 3 0 sampling percentage s = 100%, speciation probability µ = 0.0005, protractedness τ = 10. We different speciation probability and protractedness values (μ= [5 x 10 -2 , 5 x 10 -3 , 5 x 10 -4 , 5 2 3 6
x 10 -5 ], τ = [0, 10, 100, 1000]). At the end of our simulations we estimated the range size for each species as the linear In order to estimate dispersal (X mean and α ), sampling, speciation and protractedness values 2 4 7 that produced range size distributions matching those of empirical data, we used an 2 4 8 approximate Bayesian computation approach, with a sequential Monte Carlo algorithm (ABC-2 4 9 SMC) as described by Toni et al. (2009) . To assess the similarity between the data and 2 5 0 simulation outcomes, we calculated the sum of squares between the inverse cumulative . We assumed the following prior distributions for 2 5 5 each parameter (on a log 10 scale, e.g. U 10 (0,1) =
X mean : U 10 (-4, -0.25), α : U 10 (0,1), speciation initiation rate: U 10 (-5, 0), protractedness: U 10 (0,5) 2 5 7
and sampling: U 10 (-4, 0). Per ABC-SMC iteration, we used 10,000 particles. The ABC-SMC algorithm ran for 20 iterations, or until the acceptance rate dropped below 1 in 1,000,000 2 5 9
proposed parameter combinations. Perturbation of the parameters was performed on a log 10 2 6 0 scale, to avoid parameters reaching a negative value. Parameters were perturbed by first 2 6 1 taking the log 10 , then adding a random number drawn from a normal distribution with mean 2 6 2 zero and standard deviation 0.05, after which we exponentiated the parameter again. After ranges; if not, the particle was rejected. For each dataset we performed 10 replicate fits. To assess the accuracy of our inference method, we generated artificial datasets using known 2 6 7 parameters, and performed the same ABC-SMC inference procedure as used on the empirical 2 6 8
data. If our method is accurate, inferred parameter values should be identical to the known 2 6 9 parameters used to generate the artificial data. Artificial data was generated using values for 2 7 0 X mean of 0.001, 0.01, 0.1 or 0.2, α of 2, 4, 6 or 8, s of 0.025 or 0.25, and two different 2 7 1 speciation regimes: one with high speciation (0.01) and high protractedness (2500), and one 2 7 2 with low speciation (0.001) and low protractedness (25). For each parameter combination we 2 7 3 generated 10 artificial datasets. In total we performed (10 x 4 x 4 x 2 x 2) = 640 ABC-SMC inferences to assess accuracy. The one-dimensionality of our neutral model means the coastline distance metric treats the 2 7 7 coast of the TEP as also being one-dimensional (distance is only measured along the coast, proportion of species with large ranges (Fig. 1a ). The range size distributions of pelagic 2 8 8 spawners are qualitatively similar, with more than 70% of the species having ranges larger 2 8 9 than 50% of the maximum possible range or our sampling region. In contrast, the range size 2 9 0 distribution of non-pelagic spawners depends strongly on the capacity of adult fishes to 2 9 1 disperse. Within the non-pelagic spawners, the lowest dispersive guild has the highest 2 9 2 proportion of species with small ranges and the lowest proportion of species with large ranges 2 9 3 ( Fig. 1a ). While more than half of the species with medium or high adult mobility have ranges 2 9 4 larger than 80% of the maximum range, for species with low mobility only a fifth of species 2 9 5 have ranges larger than 80% of the maximum. The strongest effects on the distribution of range sizes are caused by variation in mean 2 9 9 dispersal distance (X mean ), speciation rate, and protractedness (Fig. 2) . Dispersal (X mean and α ) to the effect of dispersal on the range size distribution are not equal however, with the 3 0 2 majority of the dispersal effect resulting from X mean (Fig. 2a) . As X mean increases, the 3 0 3
proportion of species with large ranges increases as well. In contrast, the shape parameter of 3 0 4 the dispersal kernel (α) has limited influence over the distribution of range sizes (Fig. 2b) .
Speciation exerts a strong effect on the distribution of ranges, with a higher proportion of 3 0 6 species having a large range size when speciation rate is low. A high speciation rate produces 3 0 7 more new species, which initially have small ranges, thus a decrease in the number of species 3 0 8 with large ranges, and a (potentially unrealistically) high number of species in total (Fig. 2d ).
3 0 9
The effect of protractedness is similar to that of speciation, as it modifies the number of 3 1 0 species and the rate at which these are created. The higher the protractedness, the longer the 3 1 1 time before an incipient species becomes a good species, and as a result fewer species have 3 1 2 small ranges ( Fig. 2e) . Sampling affects the distribution of ranges in a different way to 3 1 3 dispersal, speciation or protractedness: a lower sampling effort leads to more species with few 3 1 4
individuals and thus a higher proportion of species with apparently small ranges ( Fig. 2c ). Prior to fitting the model to empirical data, we used the ABC-SMC fitting procedure on 3 1 7 simulated range size distributions with a known set of parameters (known values for X mean , α , 3 1 8 speciation, sampling and protractedness). We found that posterior distributions of parameter 3 1 9
values were generally closely matching the real values ( Fig. S4) , indicating that our fitting 3 2 0 procedure was appropriate for estimating the parameter values of our neutral model. Only in 3 2 1 the case of the α parameter (measuring the shape of the dispersal kernel), were estimates were 3 2 2 not accurate, likely due the low strength of α in explaining range size variation (see above). The same fitting procedure on empirical range size distributions, for the six dispersal guilds of 3 2 5 reef fishes, showed adequate fit between observed and predicted range size distributions ( Fig.   3  2  6 3). Furthermore, in line with expectations, the estimated mean dispersal distances for each 3 2 7 guild were largest for the guilds with the highest proportion of large ranges which were 3 2 8 pelagic spawners and guilds with high adult mobility as expected. α values were similar for all 3 2 9 dispersal guilds (between 3.4 and 4.7). Estimated sampling completeness was lowest for the 3 3 0 guilds of non-pelagic spawners with high and medium mobility (0.76 and 0.48% for an incipient species to become a true species) values were the lowest for non-pelagic spawners with high and medium adult mobility (0.08, 0.06) and the lowest for non-pelagic 3 4 0 spawners with low adult mobility (0.0007). See Table S1 for a complete description of the 3 4 1 model estimates. was strongest for pelagic spawners with medium adult mobility (Fig. 3) . To explore what 3 4 6 caused these mismatches, we performed further analyses, in which we plotted the distribution of ranges for fishes that are endemic to the TEP and one for the non-endemics (following 3 4 8
Robertson & Allen 2016). The distribution of ranges in the TEP for these two groups showed 3 4 9 differences for all guilds, but especially for the guild of pelagic spawners with medium 3 5 0 mobility (Fig. 4) . In this case, the bimodality does not appear in either endemics or non-3 5 1 endemics when separated, the combination of these two different distributions thus explains 3 5 2 the observed bimodality in the overall distribution. For decades, macroecologists have tried to understand the large variation in range sizes across 3 5 6 species. Using a new approach comprised of several spatially explicit neutral models, we have 3 5 7
shown that range size variation can emerge from stochastic birth, death, speciation and really an important factor shaping the range size distribution of species, but that our detailed 3 6 2
analyses were required to see this. For example, a study of only species with pelagic eggs may and range size. Our model, however, also shows that range size variation can be large within are also some species with large ranges, and vice versa for high dispersal. This also helps 3 7 0 explain why it has been challenging for empirical studies to show clear links between size variation within such guilds. Importantly, the neutral models we used were originally as an independent mechanistic tool, rather than a phenomenological construct tailored to fit 3 7 9 one pattern only. processes alone. We found that this bimodality primarily resulted from the combination of endemics generally having larger ranges within the TEP. We hypothesize that the former have 3 8 7 had a longer time to increase their ranges in the region whilst the latter are biased by including 3 8 8
the edges of many wider ranged species that mostly occupy areas outside the TEP. We also
